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Introduction {#sec1-1}
============

In the second half of the twentieth century, Latin American countries have experienced a marked change in their health conditions. At the present epidemiological transition, infectious diseases are progressively being displaced by chronic diseases related to lifestyles, while morbidity is increasingly replacing mortality rate as the leading health indicator. Also related to changes in the epidemiological profile, demographic dynamics has been determined by a decline in mortality rates, especially infant-juvenile, as well as a decrease in the fertility of populations. This process has been accompanied by improvements in life expectancy, which in recent decades have begun to include older groups, leading to the development of a process of gradual aging of the population.^[@ref1]^

Emerging epidemiological, demographic and socioeconomic transformations impose new challenges on health systems, which are now threatened by the expectation of a geometric increase in the incidence of chronic diseases in the next years. In developing countries, the challenge is twofold. On the one hand, health systems must face the increase in the demand for health services caused by the huge increase in the prevalence of chronic diseases that require long and costly treatments.^[@ref6]^ On the other hand, these countries still need to solve the problem of transmittable diseases.^[@ref6]^

This paper focuses on 3 specific chronic diseases, hypertension, diabetes and hypercholesterolemia, largely extended chronic diseases in the world. Every year about 9 million people die worldwide from high blood pressure-related causes. Moreover, hypertension is the second leading global cause of loss of life years due to disability.^[@ref11],[@ref12]^

In turn, raised cholesterol increases the risks of heart disease and stroke. Globally, one third of ischemic heart disease cases are attributable to high cholesterol. Overall, raised cholesterol is estimated to cause 2.6 million deaths around the world and 29.7 million disability adjusted life years (DALYS).^[@ref11]^

It is estimated that almost 382 million people suffered from diabetes in 2013 globally, which is equivalent to a prevalence of 8.3%.^[@ref11]^ In sum, they contribute largely to the burden of chronic disease and they are strongly influenced by a small number of risk factors. Chronic diseases and their risk factors show significant variation across population groups in terms of their incidence, prevalence, prevention, management, and associated health outcomes.^[@ref13]^

The socioeconomic status (SES) is a strong predictor of health and risk of injury.^[@ref14]^ Usually, SES is proxied by education, occupational status and income,^[@ref15],[@ref16]^ although some studies include also health insurance as a social marker.^[@ref17]^ Nevertheless, socioeconomic status is not considered a classical Farmington risk factor as it would not directly influence chronic diseases, but through behaviour.^[@ref18]^ Still, while studies linking socioeconomic conditions with chronic diseases are abundant in high-income countries,^[@ref19],[@ref20]^ their relation is yet not well understood in middle and low income economies.^[@ref21],[@ref22]^

Argentina is not free from this problem; the selected diseases are the most frequent and diagnosed among adult population. Local epidemiology indicators show the growing importance of chronic diseases in the profile of population morbidity and mortality. Also, risk factors such as obesity, overweight and physical inactivity have been steadily rising, a trend that is compatible with the increase in the prevalence of the conditions mentioned above.

According to the *2013 Risk Factor National Survey* (hereinafter RFNS), nearly one third of the adult urban population exhibit high blood pressure and high cholesterol figures, while nearly 1 in 10 are diabetics. Previous national surveys report confidence intervals for prevalence of each of the 3 diseases depicting a stable situation; nevertheless the point estimates suggest an upward trend. Also, between 2005-2013 overweight and obesity figures increased significantly; based on *RFNS* data, figures for population ≥18 y.o. who self-reported weight and height figures leading to overweight or obesity were 50.6% in 2005; 54.9% in 2009 and 58.9% in 2013. Their corresponding confidence intervals do not overlap, confirming the increasing trend.

Although a significant proportion of the adult population (20-35%) does not receive periodic medical controls, between those adults who were checked by doctors, near 36% (7.8 million) were founded as hypertensive, 30.5% (4.9 million) recognize suffering from cholesterolemia and about 9.8% (2.5 million) were diagnosed as diabetic. Moreover, near 5% of individuals who were controlled (725,000 patients) experiment those 3 conditions simultaneously. These data show the relevance of a problem that needs to be approached by using all available information so that policies can focus on the most affected populations.

The objective of this paper is to determine the contribution of variables such as biological constitution, habits and socioeconomic status to high blood pressure, hypercholesterolemia and diabetes in the adult population in Argentina.

Materials and Methods {#sec1-2}
=====================

Model specification and variables definition {#sec2-1}
--------------------------------------------

One shortcoming of the majority of public health research is that analysis are carried out on a bivariate basis: correlation between each risk factor and the probability of disease is checked separately. That approach could suffer from internal validity as it does not control other latent determinants and could be improved using partial correlation or regression-based techniques.

Consider the 3-equation probit model: where *y~im~\** is a latent variable that represents the probability of the individual suffering from the *m*-th disease. This probability cannot be directly observed. Instead, the presence or absence of disease is observed through *y~im~*, which takes only two values. ϵ~im~ represents random i.i.d. error terms.

Parameters of equation \[[1](#eqn1){ref-type="disp-formula"}\] can be estimated more efficiently through a 3-equation model, instead of estimating single equations for each disease separately since this model takes into account that cross-equation error terms can be correlated as they originate in the same individual. A joint estimation relaxes the independence of error terms in \[[@ref1]\] so the variance-covariance matrix *V* has now unity values on the leading diagonal and correlations *ρ~jk~ = ρ~kj~* as off-diagonal elements. The model is known as triprobit.

Moreover, each dependent variable is binary, so it should be estimated applying maximum likelihood estimators, which guarantee consistency of results. In the literature, a 3-equation model with 3 binary dependent variables is usually estimated by the method of simulated maximum likelihood (SML). In particular, the estimator uses the Geweke-Hajivassiliou-Keane (GHK) simulator to evaluate the 3-dimensional Normal integrals in the likelihood function. For a brief description of the GHK smooth recursive simulator, see Greene,^[@ref23]^ who also provides references to the literature.

Under standard conditions, the SML estimator is consistent as the number of observations and the number of draws tend to infinity, and is asymptotically equivalent to the true maximum likelihood estimator as the ratio of the square root of the sample size to the number of draws tends to zero. In this case, estimations used 5 random variates drawn when calculating the simulated likelihood. We also tried 133 draws (the root of the number of observations, n= √17520), following the recommendation of Cappellari and Jenkins.^[@ref24]^

In addition, we applied the Huber-White sandwich estimator for the variance of the error term in order to take into account possible heteroskedasticity.

Variables descriptive statistics are displayed on [Table 1](#table001){ref-type="table"} (operative definitions are exhibited in Table A1 in the Appendix).

Multivariate techniques would not justify the inclusion of social risk factors together with behavioural variables, as SES\'s exert would express itself through habits. However, we believe that socioeconomic factors can exert an independent influence beyond registered behaviour; low SES can be associated with higher stress and pressure that in turn can precede chronic diseases.

Although the inclusion of most of the explanatory variables on selected chronic diseases requires no additional explanation, we provide some details for the variables related to SES. Besides from education level, occupational status, and income we also individual\'s health insurance in order to better capture SES; market research and population surveys usually consider health insurance as a proxy for SES.^[@ref25]^ It may be tempting to expect bias in estimations emerging from adverse selection issues (unhealthy individuals more prone to buy health care plans). We must acknowledge that although this is a problem in some countries where health care usually takes part of individuals' choices, in our case its extent is reduced; in Argentina contribution to health insurance is mandatory for all formal actual and retired workers, also covering household members. That element explains why near 70-75% of population has health insurance, higher than US figures during the same period.^[@ref26]^

It is worth mentioning that predictors related to family record, which probably add to the prospects of suffering any of the three diseases, were omitted from our estimations. The *RFNS* does not collect data about individual\'s history in order to size appropriately hereditary factors conditioning disease emergence. Nonetheless, as those factors are not related to lifestyles and socioeconomic status, their omission does not affect the consistency of estimators.

The model also included the square of age in order to capture non-linear effects over the likelihood of any of the three diseases.

We compare the results from performing a joint estimation for the 3 diseases with those obtained from results obtained estimating equation by equation.

Population universe and data sources {#sec2-2}
------------------------------------

The analysis is based on secondary data coming from the *2013 Risk Factor National Survey*, which was directed by the National Ministry of Health and conducted by provincial statistic bodies during the fourth quarter of 2013.

Health authorities constructed variables with information arising from direct interviews using a probabilistic sample of individuals 18 y.o. or older living in cities with 5000 inhabitants or more. That design confines the domain of inferential exercises to urban adult population, excluding thus children, adolescents and rural inhabitants. The survey collects data about housing conditions, demographic, educational characteristics and employment status of the household head. Also, individual variables about education, employment as well as information on risk factors for non-communicable diseases were recorded based on self-reported information.

Individual data emanates from a single adult member per household. Although 2013 NRFS actual sample size is 32,365, our estimations are based on varying samples ranging from 28,489 to 17,520 observations for various reasons; 2,075 individuals (6.4%) did not report weight or height data, additionally 34 individuals with achondroplasia (judged from height information) were excluded from the sample as they constitute a different population with specific risk factors and related diseases. Also, just 65% of the individuals have controlled their cholesterol levels. Finally, near 5% of observations were missing due to lack of response in the rest of the dataset.

Although income categories exhibit the highest figures of missing observations ([Table 1](#table001){ref-type="table"}), it must be recognized that this variable has in fact only 101 missing cases (\<1%) for the whole sample. The additional missing observations originate from the fact that descriptive statistics exclude individuals with achondroplasia, which is in turn based on height categories, the dimension with highest missing values. Besides body weight categories constitute the variable with highest missing values and could be an indicator of poor self-knowledge that could affect individual\'s behavior about health care, that element does not introduce significant bias in estimations in Argentina.^[@ref27]^

Even considering missing values, sample means are still similar to population averages, with slight over-representation of occupied and insured individuals ([Table 1](#table001){ref-type="table"}).

We must anticipate a kind of trade-off between estimation strategies; on the one hand, the joint estimation may increase the precision of results as it exploits data coming from the same individual. On the other, the fact a lower rate of individuals have they cholesterol levels checked, truncates the sample in joint estimation. In individual estimation strategy the reduced sample size affects only the equation for hypercholesterolemia while not the other 2. Thus we assess the effect of varying size sample on results.

Sample selection issues {#sec2-3}
-----------------------

We recognize that the definition of prevalence in diseases reduces the universe to those who had medical controls, who in turn may differ significantly from those haven\'t been controlled, introducing thus bias in the estimates. In statistical literature this phenomenon is known as sample selection problem. In fact, sample selection rises a specific kind of endogeneity in regression analyses.^[@ref28]^

The solution to this possible source of bias was proposed by Heckman.^[@ref29]^ As the dependent observed variable, *y~im~*, is not always observed as some individuals did not visit doctors, it is possible to add to the expression \[[@ref1]\] the condition which captures if the dependent variable for the *i*-th observation is observed, thus Equation \[[1](#eqn1){ref-type="disp-formula"}\] can be re-written as:

Where γ is the correlation between the unobserved determinants of propensity to having medical control, ϵ*~lim~* and unobserved determinants of suffering the *i*-th chronic disease,. The task here is predicting the likelihood of having been controlled for each individual. α~*m*~Z~*im*~, using also a probit model. In our case, the probability of having received medical care was explained by its age, per capita income and the indicator of health coverage. When *ρ*≠0 the standard regression techniques applied to the first equation (probability of disease) yield biased results. On the contrary, when *ρ*=0 bias emerging from sample selection is negligible and Equation \[[2](#eqn2){ref-type="disp-formula"}\] estimates are still consistent but inefficient. Heckman proposed consistent, asymptotically efficient estimates for all the parameters in models under sample selection suspect.^[@ref29]^ It is worth to mention that although the canonical model considered a continuous outcome, subsequent progress has adapted the former proposal for binary dependent variable in the outcome equation.

Unlike Equation \[[1](#eqn1){ref-type="disp-formula"}\] it is not possible yet to estimate \[[@ref2]\] jointly for the 3 diseases, so we estimated them separately by each disease. Estimations and analysis were carried out in October 2016 using Stata 13.

Results {#sec1-3}
=======

As with any regression model with binary dependents estimated by maximum likelihood, coefficients cannot be interpreted as treatment effects. Instead, results usually focus on coefficients\' statistical significance, sign and relative magnitude. Marginal contributions of explanatory variables should be then computed manually *(e.g.* assigning values for each individual predictor and then varying some of them). We choose an individual profile for computing marginal effects considering a woman with average age *(e.g.* 44 y.o.), middle SES, sedentary and normal body weight (Table A2). As our main goal is to highlight and also assess the contribution of SES level on disease risk, we focused the effect calculations to variables related to SES and choose the rest of the values at the modal level.

[Table 2](#table002){ref-type="table"} exhibits marginal and discrete effects of the 3 methods applied, that is, the joint triprobit model, the probit approach and the Heckman correction. In the latter two cases, estimations were performed equation by equation and may suffer some inefficiency. Including individuals with achondroplasia does not change sign, significance and effects of any explanatory. Excluding habits from estimations (that is, alcohol abuse, sitting daily hours and exercise) decrease near 2 pp the effect of sex and income on the probability of high levels of blood pressure. That variation can be attributed to the high association between SES and habits, as mainstream literature pose. We do not include results from that checks because of length restrictions but are available on demand. In turn, the fact that SES-related coefficients keep individual significance and sign shows that collinearity between repressors is not serious and highlights the probable independent (emotional) channel through which SES exerts influence on chronic diseases.

In the case of cholesterolemia and diabetes, we found that there is no significant estimation bias based on sample selection. In uncontrolled individuals by blood pressure, differences in marginal effects are significant but do not reach the 2 digit level. In particular, Heckman correction does not change size effects for non-participation in the labour force, elementary school, and habits, but sex and unemployment display higher effects on probability of hypertension and income and body weight categories show a lower effect than the triprobit specification.

Explanatory variables for the selection equation in Heekman model were all significant at 1%. Additional results are available by request to authors. They are not included here in order to attend journal\'s policy about articles\' lenght. Also, the suspect of adverse selection between health insurance and the probability of either of the 3 diseases should turn positive the coefficient of health insurance either in separate or joint probit estimations. None of the estimated coefficients were positive, weakening evidence in favour of adverse selection and endogeneity in probability models of selected chronic diseases.

Thus, while in hypertension sample selection could pose an issue when evaluating risk factor gradients, in cholesterol or diabetes, a simultaneous estimation strategy could lead to more efficient results. In the case of triprobit estimation, the statistic that checks if equations are correlated is significant at 1% revealing that joint estimation lead to more efficient estimates. Also, individual significance, sign and relative magnitude of the coefficient do not change significantly with the number of draws, so our estimations are stable. However, separate probit estimations increase significantly the sample size for high blood pressure and diabetes as they can include individuals that did not controlled their cholesterol levels. Although results do not change significantly between separate and joint probit estimation in hypertension and hypercholesterolemia, the variation in sample size affect the results for some of determinants of diabetes; in particular, the effect of age, sex and low occupational status are higher in probit than in triprobit scheme while education and income exhibit lower effect on the probability of diabetes. Nevertheless, the relative importance of explanatories tend to be stable between models. If medical checks rates were similar among the population, joint (triprobit) estimates would be preferable to separate equations as samples would not vary substantially.

Considering their magnitude, the most important predictors of hypertension, hypercholesterolemia, and diabetes is weight category. In particular, morbid and severe obesity (class 2 and 3) exhibit the highest coefficients on the individual probability of suffering from any of the considered diseases. Their effect is more important in hypertension and diabetes than in hypercholesterolemia.

In the second place, the probability of chronic diseases among individuals who gained access to higher education is lower. Also, extreme poverty *(i.e.* the poorest 20% of households) increases the probability of suffering from hypertension and diabetes. In turn, per capita income levels affect the probability of being diagnosed with hypercholesterolemia only in the highest strata.

Habits appear in the third place in terms of coefficient magnitude. In particular, individuals that recognize regular risky consumption of alcohol exhibit higher probability of hypertension and hypercholesterolemia. On the contrary, the coefficient of alcohol abuse in the equation for diabetes prevalence is opposed to the expected, as it is individually significant but negative. Also, having smoked in the past contributes to diabetes and high blood pressure.

The magnitude of the probability of females suffering from high blood pressure is similar to the one corresponding to education or poverty; likely, gender exerts an effect over the probability of occurrence of hypercholesterolemia that is similar in degree to the one exerted by habits.

Finally, as expected, ageing increases the prospects of chronic diseases, but at a decreasing pace. This finding implies that risks of suffering from chronic diseases are age related, but are especially higher for individuals with an unfavourable past (that age enhances). Otherwise, if hypertension, hypercholesterolemia or diabetes were mere consequences of ageing, chronic diseases would increase exponentially with age *(e.g.* that is, the coefficient of the square of age would be positive). This result implies that prevention campaigns should be focused on young individuals and should be long lasting in order to favour changes towards increasingly healthier habits.

As the main focus of our analysis is directed to assess the burden of socioeconomic status on chronic diseases, we\'ve estimated predicted individual probabilities of suffering each disease. [Table 3](#table003){ref-type="table"} exhibits the estimated probability of each chronic disease for women with average age, habits and body weight profiles (see Table A2 for details) with different SES profiles.

Joint size effects of SES on the probability of suffering from chronic diseases vary from one estimation method to another one. Low SES increases between 5.3 and 7.5 percentage points (pp) the probability of suffering hypertension relative to middle SES and between 7-9 and 16.4 pp relative to high SES levels. The impact of SES in the probability of cholesterolemia is rather lower: low SES increases between 1.3 and 5.7 pp the probability of high cholesterol levels in blood relative to middle SES and 2.8-4.9 pp relative to high SES. Also, the effects from middle to high SES are negligible. Finally, low SES increases 2.2-3.4 pp the probability of suffering diabetes in comparison with individuals with middle SES and the difference reaches 3.5-5.3 pp compared to individuals with high SES. Major differences in size effects concentrate in hypertension, where Heckman correction probed more appropriate than triprobit. In that case, the triprobit approach though more efficient than separate equations, tends to underestimate the effect of SES on hypertension. In hypercholesterolemia and diabetes, where sample selection bias was not significant, the gain in efficiency attained by simultaneous estimation can be offset by missing observations. A summary result, independent from the estimation method, is that negative association between SES and probability of disease is gradual (monotonous) in hypertension; while in cholesterol SES effect emerges mainly from low to middle SES categories and in diabetes the effect takes place only in radical SES shifts (from low to high SES), the transition between intermediate ones categories (low to middle, middle to high) does not exhibit substantial impact on the individual probability of diabetes.

Any of the three variants exhibit satisfactory sensitivity (recall) figures, especially in cholesterolemia and diabetes which exhibit rates higher than 70%. None of the three models exhibit absolute superiority in terms of goodness of fit; triprobit performs better in hypertension and diabetes but Heckman specification achieves higher sensitivity figures in cholesterol. In turn separate probit produces results with better specificity indicators. Also, models display rather high false positive rates, which may be interpreted as positive predictive values in individuals that do not report positive diagnosis, either because of memory failure or lack of adequate control, although their predictor variables exhibit warning values.

Discussion {#sec1-4}
==========

This section discusses some contradictory results, uncover aspects that could affect the validity of our results and proposes ways of improve them.

First, prediction figures (Table A3 in the Appendix) show a considerable number of individuals with high probability of hypertension, hypercholesterolemia or diabetes that have not been diagnosed. Technically, they are classified as false positive observations (type I error). This could be interpreted in several ways; first, the model should be improved in order to raise precision. Second, false positives may be masking memory failures in individuals who do not remember a positive diagnosis. Third, a great proportion of population under risk has not been correctly identified by health care systems. While the first interpretation calls for improve models in order to predict more accurately the risk of each disease, the last two alternatives highlight the importance of medical checkups. Related to that, we must acknowledge that underreporting and/or inadequate controls may be concentrated in low SES individuals, affecting possibly our results. In a sense, this is also linked to the sample selection problem emerging from individuals who have not received medical checks. In favour of our results we must emphasize that Heekman correction does not produce significant bias in estimates for cholesterolemia and diabetes, which in turn show the highest false positive rates. Finally, as self-reported data are the only source of information, we cannot measure the incidence of underreporting. But if underreporting was higher in low SES individuals, SES effects on chronic diseases would be also higher than our estimations. So marginal effects reported here could be considered as a minimum.

Second, the NRFS does not collect information about (current and past) labour tasks and workday. Both can play an important role in hypertension and hypercholesterolemia (as they influence diet and stress levels). That information would allow more effective prophylactic measures to be taken *(e.g.* medical control at workplaces, regulation on workday duration, promotion of restaurants offering healthy food, etc.).

Third, the negative relation between risky consumption of alcohol and the probability an individual suffers from diabetes may originate in endogeneity between alcohol consumption and diabetes diagnosis; individuals with unusual high levels of glucose in blood may be medically restricted in alcohol intake causing a coefficient negative and masking the true effect of alcohol abuse on diabetes. Future research should consider that source of bias in estimation strategy.

Fourth, the chosen approach is a kind of unmatched case-control study where cases (individuals affected by chronic diseases) are compared by regression techniques with controls (healthy individuals) with the aim of quantify the association between selected environmental variables and chronic diseases (adjusting for possible confounding factors). Matched case-controls studies are usually preferred over the unmatched, especially for diseases with low prevalence, as they better control for confounding factors and provide efficiency gains.^[@ref30]^ In that view, our results, particularly diabetes determinants, could be improved with a conditional analysis *(i.e.* matched case-control study). Anyway, the fact that our data are based on an extensive probabilistic sample of urban adult population and models included wide variety of determinants (sex, age, SES, habits, and weight categories), results are still accurate for guiding medical practices and health policies.

Finally, figures of hypertension, cholesterolemia and glycemic prevalence are based on self-reported data that were not validated by the NRFS with medical indicators (applied, for example in a subsample). This could affect reliability of our estimations. Anyway, several studies regard self-reported data as reasonably accurate for surveillance of chronic disease trends.^[@ref31]^

Conclusions {#sec1-5}
===========

The main contribution of this work is to highlight the role of the socioeconomic status in chronic diseases in order to guide public health policies focusing. Empirical approaches addressing this task may apply different individual probability modelling *(e.g.* probit or logit, joint estimation as triprobit or Heekman procedure when sample selection bias is suspected). In any case, they can provide a framework with stronger internal validity as they can consider simultaneously various types of risk factors, instead of assessing them based on bivariate statistics. In that view, our study illustrates pros and cons of every multivariate available method and also highlights some robust results concerning chronic diseases among adult population.

Strategies to reduce overweight and obesity as well as changing habits regarding alcohol and tobacco consumption play a key role in the prevention of chronic diseases in Argentina, also worsened by unfavourable socioeconomic conditions. So strategies must be specially targeted at women, poorest households and the least educated individuals in order to achieve efficacy.

Also, as the probability of having a condition related with excessive blood pressure, high levels of cholesterol or glucose in blood does not increase in direct proportion to age, public campaigns promoting healthy diets, physical activity and medical checkups should be focused on young individuals to facilitate prophylaxis and long lasting prevention.

###### 

Descriptive statistics (excludes individuals with achondroplasia).

  Variables                                   Descriptive statistics   Non missing values, no.
  ------------------------------------------- ------------------------ -------------------------
  Medical checks, %                                                    
        Blood pressure                        89.3                     30,195
        Cholesterol level                     65.0                     29,978
        Glucose in blood                      79.3                     29,427
  Disease prevalence, %                                                
        Hta                                   35.4                     26,814
        Col                                   30.2                     19,412
        Diab                                  10.4                     23,341
  Basic information                                                    
        Age, years                            44.6 \[43.3\]            30,257
        Woman %                               55.0 \[52.8\]            30,257
  Economic factors, %                                                  
        Occupied,                             62.9 \[57.0\]            30,257
        Unemployed,                           3.6 \[3.5\]              30,257
        Not active                            33.5 \[39.5\]            30,257
        Illiterate / incompl primary school   10.1 \[10.5\]            30,257
        Primary education                     37.5 \[40.1\]            30,257
        Secondary education                   36.1 \[35.6\]            30,257
        Tertiary education                    16.4 \[13.8\]            30,257
        Income quintile 1                     21.1                     30,164
        Income quintile 2                     19.2                     30,164
        Income quintile 3                     19.4                     30,164
        Income quintile 4                     18.8                     30,164
        Income quintile 5                     21.5                     30,164
        Health insurance                      74.9 \[69.7\]            29,931
  Habits, %                                                            
        Alcohol abuse                         7.3                      29,801
        Smoker                                24.9                     30,257
        Past smoker                           17.8                     30,257
        Sitting, hours per day                4.49                     28,818
        Intense physical activity             14.3                     30,257
        Moderate physical activity            31.6                     30,257
  Weight category, %                                                   
        Overweight                            37.5                     30,257
        Class 1 obesity                       15.3                     30,257
        Class 2 obesity                       4.4                      30,257
        Class 3 obesity                       1.7                      30,257

Source: own based on *2013 RFNS.* \[In brackets\]: national urban figures based on *2013 Urban Households Annual Survey.*

###### 

Marginal effects from triprobit, probit and Heckman estimates for a 44 y.o. woman, middle SES, sedentary and normal body weight.

  Variables                 Triprobit[°](#t2fn001){ref-type="table-fn"} Separate probitsHeckman correction                                                                                                                                                                                                                                                                                                                                                            
  ------------------------- -------------------------------------------------------------------------------- ------------------------------------------------ ------------------------------------------------ -------------------------------------------------- ------------------------------------------------ ------------------------------------------------ ------------------------------------------------ ------------------------------------------------ ------------------------------------------------
  Basic information                                                                                                                                                                                                                                                                                                                                                                                                                                                   
        Age                 0.0434[\*\*\*](#t2fn002){ref-type="table-fn"}                                    0.0597[\*\*\*](#t2fn002){ref-type="table-fn"}    0.0312[\*\*\*](#t2fn002){ref-type="table-fn"}    0.0331[\*\*\*](#t2fn002){ref-type="table-fn"}      0.0592[\*\*\*](#t2fn002){ref-type="table-fn"}    0.0400[\*\*\*](#t2fn002){ref-type="table-fn"}    0.0362[\*\*\*](#t2fn002){ref-type="table-fn"}    0.0589[\*\*\*](#t2fn002){ref-type="table-fn"}    0.0360[\*\*\*](#t2fn002){ref-type="table-fn"}
  (0.00389)                 (0.00392)                                                                        (0.00459)                                        (0.00311)                                        (0.00383)                                          (0.00375)                                        (0.00301)                                        (0.00584)                                        (0.00445)                                        
        Agesq               -0.0002[\*\*\*](#t2fn002){ref-type="table-fn"}                                   -0.0004[\*\*\*](#t2fn002){ref-type="table-fn"}   -0.0002[\*\*\*](#t2fn002){ref-type="table-fn"}   -9.52e-05[\*\*\*](#t2fn002){ref-type="table-fn"}   -0.0004[\*\*\*](#t2fn002){ref-type="table-fn"}   -0.0003[\*\*\*](#t2fn002){ref-type="table-fn"}   -0.0001[\*\*\*](#t2fn002){ref-type="table-fn"}   -0.0004[\*\*\*](#t2fn002){ref-type="table-fn"}   -0.0002[\*\*\*](#t2fn002){ref-type="table-fn"}
  (3.77e-05)                (3.76e-05)                                                                       (4.34e-05)                                       (3.12e-05)                                       (3.68e-05)                                         (3.65e-05)                                       (3.05e-05)                                       (4.22e-05)                                       (3.94e-05)                                       
        Woman               0.137[\*\*\*](#t2fn002){ref-type="table-fn"}                                     0.0403[\*](#t2fn004){ref-type="table-fn"}        0.0225                                           0.177[\*\*\*](#t2fn002){ref-type="table-fn"}       0.0410[\*](#t2fn004){ref-type="table-fn"}        0.101[\*\*\*](#t2fn002){ref-type="table-fn"}     0.172[\*\*\*](#t2fn002){ref-type="table-fn"}     0.0410[\*](#t2fn004){ref-type="table-fn"}        0.0365
  (0.0224)                  (0.0226)                                                                         (0.0269)                                         (0.0190)                                         (0.0222)                                           (0.0236)                                         (0.0184)                                         (0.0222)                                         (0.0244)                                         
  Socioeconomic status                                                                                                                                                                                                                                                                                                                                                                                                                                                
        Unemployed          0.0517                                                                           0.0238                                           0.0800                                           0.0940[\*](#t2fn004){ref-type="table-fn"}          0.0185                                           0.150[\*\*](#t2fn003){ref-type="table-fn"}       0.0889[\*](#t2fn004){ref-type="table-fn"}        0.0186                                           0.155[\*\*](#t2fn003){ref-type="table-fn"}
  (0.0659)                  (0.0665)                                                                         (0.0806)                                         (0.0503)                                         (0.0654)                                           (0.0629)                                         (0.0483)                                         (0.0655)                                         (0.0672)                                         
        Not active          0.0843[\*\*\*](#t2fn002){ref-type="table-fn"}                                    0.0247                                           0.142[\*\*\*](#t2fn002){ref-type="table-fn"}     0.0858[\*\*\*](#t2fn002){ref-type="table-fn"}      0.0217                                           0.159[\*\*\*](#t2fn002){ref-type="table-fn"}     0.0813[\*\*\*](#t2fn002){ref-type="table-fn"}    0.0218                                           0.154[\*\*\*](#t2fn002){ref-type="table-fn"}
  (0.0262)                  (0.0266)                                                                         (0.0314)                                         (0.0221)                                         (0.0262)                                           (0.0275)                                         (0.0215)                                         (0.0262)                                         (0.0285)                                         
        Illiteracy          0.270[\*\*\*](#t2fn002){ref-type="table-fn"}                                     0.0707                                           0.183[\*\*\*](#t2fn002){ref-type="table-fn"}     0.256[\*\*\*](#t2fn002){ref-type="table-fn"}       0.0644                                           0.0875[\*](#t2fn004){ref-type="table-fn"}        0.251[\*\*\*](#t2fn002){ref-type="table-fn"}     0.0644                                           0.176[\*\*\*](#t2fn002){ref-type="table-fn"}
  (0.0432)                  (0.0430)                                                                         (0.0503)                                         (0.0375)                                         (0.0424)                                           (0.0448)                                         (0.0364)                                         (0.0424)                                         (0.0463)                                         
        Primary education   0.187[\*\*\*](#t2fn002){ref-type="table-fn"}                                     0.0585[\*](#t2fn004){ref-type="table-fn"}        0.0799[\*\*](#t2fn003){ref-type="table-fn"}      0.192[\*\*\*](#t2fn002){ref-type="table-fn"}       0.0588[\*](#t2fn004){ref-type="table-fn"}        0.0211                                           0.186[\*\*\*](#t2fn002){ref-type="table-fn"}     0.0589[\*](#t2fn004){ref-type="table-fn"}        0.0810[\*\*](#t2fn003){ref-type="table-fn"}
  (0.0314)                  (0.0314)                                                                         (0.0385)                                         (0.0278)                                         (0.0310)                                           (0.0351)                                         (0.0271)                                         (0.0311)                                         (0.0357)                                         
        Secondary educ      0.125[\*\*\*](#t2fn002){ref-type="table-fn"}                                     -0.0123                                          0.0458                                           0.112[\*\*\*](#t2fn002){ref-type="table-fn"}       -0.00940                                         0.0172                                           0.109[\*\*\*](#t2fn002){ref-type="table-fn"}     -0.00931                                         0.0374
  (0.0296)                  (0.0295)                                                                         (0.0369)                                         (0.0265)                                         (0.0291)                                           (0.0339)                                         (0.0258)                                         (0.0292)                                         (0.0344)                                         
        Income quintile 1   0.183[\*\*\*](#t2fn002){ref-type="table-fn"}                                     0.0279                                           0.150[\*\*\*](#t2fn002){ref-type="table-fn"}     0.157[\*\*\*](#t2fn002){ref-type="table-fn"}       0.0278                                           0.0947[\*\*](#t2fn003){ref-type="table-fn"}      0.134[\*\*\*](#t2fn002){ref-type="table-fn"}     0.0296                                           0.143[\*\*\*](#t2fn002){ref-type="table-fn"}
  (0.0369)                  (0.0368)                                                                         (0.0436)                                         (0.0305)                                         (0.0361)                                           (0.0376)                                         (0.0300)                                         (0.0460)                                         (0.0417)                                         
        Income quintile 2   0.135[\*\*\*](#t2fn002){ref-type="table-fn"}                                     -0.0288                                          0.118[\*\*\*](#t2fn002){ref-type="table-fn"}     0.0826[\*\*\*](#t2fn002){ref-type="table-fn"}      -0.0294                                          0.0567                                           0.0659[\*\*](#t2fn003){ref-type="table-fn"}      -0.0279                                          0.0781[\*\*](#t2fn003){ref-type="table-fn"}
  (0.0333)                  (0.0333)                                                                         (0.0396)                                         (0.0285)                                         (0.0328)                                           (0.0353)                                         (0.0280)                                         (0.0405)                                         (0.0380)                                         
        Income quintile 3   0.0838[\*\*\*](#t2fn002){ref-type="table-fn"}                                    0.00435                                          0.0366                                           0.0768[\*\*\*](#t2fn002){ref-type="table-fn"}      -7.73e-05                                        0.0389                                           0.0634[\*\*](#t2fn003){ref-type="table-fn"}      0.00117                                          0.0442
  (0.0313)                  (0.0312)                                                                         (0.0379)                                         (0.0274)                                         (0.0307)                                           (0.0341)                                         (0.0268)                                         (0.0368)                                         (0.0362)                                         
        Income quintile 4   0.0578[\*](#t2fn004){ref-type="table-fn"}                                        -0.0777[\*\*](#t2fn003){ref-type="table-fn"}     0.0208                                           0.0419                                             -0.0769[\*\*\*](#t2fn002){ref-type="table-fn"}   0.0127                                           0.0328                                           -0.0760[\*\*](#t2fn003){ref-type="table-fn"}     0.0156
  (0.0303)                  (0.0303)                                                                         (0.0371)                                         (0.0270)                                         (0.0299)                                           (0.0339)                                         (0.0264)                                         (0.0335)                                         (0.0350)                                         
        Health insurance    -0.0691[\*\*](#t2fn003){ref-type="table-fn"}                                     -0.0321                                          -0.0481                                          -0.0354                                            -0.0228                                          0.0534[\*](#t2fn004){ref-type="table-fn"}        0.00201                                          -0.0254                                          0.0305
  (0.0297)                  (0.0300)                                                                         (0.0355)                                         (0.0231)                                         (0.0294)                                           (0.0291)                                         (0.0229)                                         (0.0512)                                         (0.0408)                                         
  Habits                                                                                                                                                                                                                                                                                                                                                                                                                                                              
        Alcohol abuse       0.106[\*\*](#t2fn003){ref-type="table-fn"}                                       0.0805[\*](#t2fn004){ref-type="table-fn"}        -0.119[\*\*](#t2fn003){ref-type="table-fn"}      0.0716[\*\*](#t2fn003){ref-type="table-fn"}        0.0971[\*\*](#t2fn003){ref-type="table-fn"}      -0.108[\*\*](#t2fn003){ref-type="table-fn"}      0.0693[\*\*](#t2fn003){ref-type="table-fn"}      0.0970[\*\*](#t2fn003){ref-type="table-fn"}      -0.0753
  (0.0431)                  (0.0430)                                                                         (0.0548)                                         (0.0346)                                         (0.0418)                                           (0.0459)                                         (0.0335)                                         (0.0418)                                         (0.0484)                                         
        Smoker              -0.00540                                                                         0.00546                                          -0.0419                                          -0.00410                                           0.00691                                          -0.0334                                          -0.00333                                         0.00687                                          -0.0235
  (0.0266)                  (0.0267)                                                                         (0.0328)                                         (0.0219)                                         (0.0261)                                           (0.0279)                                         (0.0213)                                         (0.0261)                                         (0.0292)                                         
        Past smoker         0.0981[\*\*\*](#t2fn002){ref-type="table-fn"}                                    0.109[\*\*\*](#t2fn002){ref-type="table-fn"}     0.131[\*\*\*](#t2fn002){ref-type="table-fn"}     0.109[\*\*\*](#t2fn002){ref-type="table-fn"}       0.111[\*\*\*](#t2fn002){ref-type="table-fn"}     0.136[\*\*\*](#t2fn002){ref-type="table-fn"}     0.106[\*\*\*](#t2fn002){ref-type="table-fn"}     0.111[\*\*\*](#t2fn002){ref-type="table-fn"}     0.128[\*\*\*](#t2fn002){ref-type="table-fn"}
  (0.0261)                  (0.0260)                                                                         (0.0301)                                         (0.0228)                                         (0.0257)                                           (0.0271)                                         (0.0221)                                         (0.0257)                                         (0.0280)                                         
        Sitting, daily hs   -8.34e-05                                                                        0.00774[\*\*](#t2fn003){ref-type="table-fn"}     0.0169[\*\*\*](#t2fn002){ref-type="table-fn"}    0.001000                                           0.00720[\*\*](#t2fn003){ref-type="table-fn"}     0.0194[\*\*\*](#t2fn002){ref-type="table-fn"}    0.00109                                          0.00718[\*\*](#t2fn003){ref-type="table-fn"}     0.0168[\*\*\*](#t2fn002){ref-type="table-fn"}
  (0.00363)                 (0.00360)                                                                        (0.00418)                                        (0.00313)                                        (0.00356)                                          (0.00372)                                        (0.00304)                                        (0.00357)                                        (0.00384)                                        
        Intense phys act    -0.0376                                                                          -0.0157                                          -0.0708[\*](#t2fn004){ref-type="table-fn"}       -0.0441                                            -0.0291                                          -0.104[\*\*\*](#t2fn002){ref-type="table-fn"}    -0.0414                                          -0.0292                                          -0.0905[\*\*](#t2fn003){ref-type="table-fn"}
  (0.0331)                  (0.0332)                                                                         (0.0416)                                         (0.0271)                                         (0.0327)                                           (0.0359)                                         (0.0263)                                         (0.0327)                                         (0.0378)                                         
        Moderate phys act   -0.0557[\*\*](#t2fn003){ref-type="table-fn"}                                     -0.0323                                          -0.0158                                          -0.0532[\*\*\*](#t2fn002){ref-type="table-fn"}     -0.0346                                          -0.0160                                          -0.0514[\*\*\*](#t2fn002){ref-type="table-fn"}   -0.0347                                          -0.0180
  (0.0229)                  (0.0231)                                                                         (0.0275)                                         (0.0194)                                         (0.0227)                                           (0.0240)                                         (0.0189)                                         (0.0227)                                         (0.0249)                                         
  Weight category                                                                                                                                                                                                                                                                                                                                                                                                                                                     
        Overweight          0.290[\*\*\*](#t2fn002){ref-type="table-fn"}                                     0.201[\*\*\*](#t2fn002){ref-type="table-fn"}     0.237[\*\*\*](#t2fn002){ref-type="table-fn"}     0.254[\*\*\*](#t2fn002){ref-type="table-fn"}       0.202[\*\*\*](#t2fn002){ref-type="table-fn"}     0.222[\*\*\*](#t2fn002){ref-type="table-fn"}     0.246[\*\*\*](#t2fn002){ref-type="table-fn"}     0.202[\*\*\*](#t2fn002){ref-type="table-fn"}     0.220[\*\*\*](#t2fn002){ref-type="table-fn"}
        (0.0244)            (0.0245)                                                                         (0.0306)                                         (0.0205)                                         (0.0241)                                           (0.0264)                                         (0.0200)                                         (0.0241)                                         (0.0277)                                         
  Class 1 Obesity           0.532[\*\*\*](#t2fn002){ref-type="table-fn"}                                     0.297[\*\*\*](#t2fn002){ref-type="table-fn"}     0.443[\*\*\*](#t2fn002){ref-type="table-fn"}     0.492[\*\*\*](#t2fn002){ref-type="table-fn"}       0.305[\*\*\*](#t2fn002){ref-type="table-fn"}     0.427[\*\*\*](#t2fn002){ref-type="table-fn"}     0.475[\*\*\*](#t2fn002){ref-type="table-fn"}     0.305[\*\*\*](#t2fn002){ref-type="table-fn"}     0.411[\*\*\*](#t2fn002){ref-type="table-fn"}
        (0.0302)            (0.0305)                                                                         (0.0358)                                         (0.0258)                                         (0.0300)                                           (0.0314)                                         (0.0257)                                         (0.0300)                                         (0.0332)                                         
  Class 2 Obesity           0.731[\*\*\*](#t2fn002){ref-type="table-fn"}                                     0.471[\*\*\*](#t2fn002){ref-type="table-fn"}     0.621[\*\*\*](#t2fn002){ref-type="table-fn"}     0.692[\*\*\*](#t2fn002){ref-type="table-fn"}       0.487[\*\*\*](#t2fn002){ref-type="table-fn"}     0.619[\*\*\*](#t2fn002){ref-type="table-fn"}     0.668[\*\*\*](#t2fn002){ref-type="table-fn"}     0.487[\*\*\*](#t2fn002){ref-type="table-fn"}     0.593[\*\*\*](#t2fn002){ref-type="table-fn"}
  (0.0469)                  (0.0466)                                                                         (0.0518)                                         (0.0408)                                         (0.0458)                                           (0.0457)                                         (0.0401)                                         (0.0458)                                         (0.0480)                                         
        Class 3 Obesity     0.814[\*\*\*](#t2fn002){ref-type="table-fn"}                                     0.414[\*\*\*](#t2fn002){ref-type="table-fn"}     0.723[\*\*\*](#t2fn002){ref-type="table-fn"}     0.796[\*\*\*](#t2fn002){ref-type="table-fn"}       0.415[\*\*\*](#t2fn002){ref-type="table-fn"}     0.755[\*\*\*](#t2fn002){ref-type="table-fn"}     0.767[\*\*\*](#t2fn002){ref-type="table-fn"}     0.415[\*\*\*](#t2fn002){ref-type="table-fn"}     0.737[\*\*\*](#t2fn002){ref-type="table-fn"}
  (0.0723)                  (0.0722)                                                                         (0.0752)                                         (0.0642)                                         (0.0705)                                           (0.0674)                                         (0.0626)                                         (0.0705)                                         (0.0707)                                         
        Constant            -2.470[\*\*\*](#t2fn002){ref-type="table-fn"}                                    -2.502[\*\*\*](#t2fn002){ref-type="table-fn"}    -2.562[\*\*\*](#t2fn002){ref-type="table-fn"}    -2.255[\*\*\*](#t2fn002){ref-type="table-fn"}      -2.497[\*\*\*](#t2fn002){ref-type="table-fn"}    -3.038[\*\*\*](#t2fn002){ref-type="table-fn"}    -2.445[\*\*\*](#t2fn002){ref-type="table-fn"}    -2.481[\*\*\*](#t2fn002){ref-type="table-fn"}    -2.831[\*\*\*](#t2fn002){ref-type="table-fn"}
  (0.111)                   (0.112)                                                                          (0.133)                                          (0.0861)                                         (0.109)                                            (0.107)                                          (0.0829)                                         (0.286)                                          (0.165)                                          
  No. obs                   17,52                                                                            17,52                                            17,52                                            25,053                                             18,171                                           28,011                                           28,253                                           28,489                                           27,765
  ρ                                                                                                                                                                                                                                                               0,519                                            -0,011                                           0,221                                                                                             
  Statistic indep eq        591,043[\*\*\*](#t2fn002){ref-type="table-fn"}                                                                                                                                                                                                                                                                                          30,24[\*\*\*](#t2fn002){ref-type="table-fn"}     0,01                                             1,58

°Run with 5 draws. (Robust standard errors in parenthesis).

\*\*\*1%

\*\*5%

\*10%.

###### 

Probability of chronic disease in women with average age, normal weight, and daily average sitting hours, by SES level.

  ------------------------------------------------
  Triprobit    phta        pcol        pdiab
  ------------ ----------- ----------- -----------
  Middle SES   0.262^t^\   0.230^t^\   0.089^t^\
               0.304P\     0.338^P^\   0.092^P^\
               0.266^h^    0.242^P^    0.091^h^

  Low SES      0.321^t^\   0.243^t^\   0.123^t^\
               0.379P\     0.381^P^\   0.091^P^\
               0.319^h^    0.280^h^    0.111^h^

  High SES     0.243^t^\   0.271^t^\   0.088^t^\
               0.215^P^\   0.333^P^\   0.061^P^\
               0.190^h^    0.237^h^    0.058^h^
  ------------------------------------------------

t=mean probability estimated with a 3-equation probit model (triprobit); p=mean probability estimated with separate probit models for each disease; h=mean probability estimated with Heekman correction for possible sample selection bias.

[^1]: Contributions: the authors contributed equally.
